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Abstract—In swarm robotics, developing algorithms for
self-organizing minimalistic robots has become a popular
research topic. Unlike others, minimalistic robots may
not be able to self-localize themselves, making it very
challenging to accomplish missions such as surrounding
a target, whose position is typically unknown. In target
surrounding, reaching a target and joining the swarm do
not always lead to a satisfactory enclosure of the target.
Furthermore, it is impossible for individual minimalistic
robots to figure out what a global shape of the swarm
should be without a collective decision-making. In this
research, we make use of diffusion and reaction of two
morphogens for target surrounding and formation of a
circular shape swarm. We show that the proposed method
is able to adaptively form shapes surrounding multiple
targets. Computer simulations and physical experiments
using Kilobots are performed to assess the performance of
the proposed algorithm.
Index Terms—Swarm robotics, target enclosure, flock-
ing, artificial morphogen, self-organising systems
I. INTRODUCTION
A. Overview
One main objective of swarm robotic research is to
design algorithms for self-organization of a large number
of highly restricted robots to accomplish a common task.
Self-organized surrounding of diffusive targets with a
swarm of simplistic robots is a challenging research
topic having numerous potential applications, such as
odour source localization [1], gas leak detection [2],
and seeking and destroying cancer cells in medical
nanorobotics [3]. Target surrounding is also a necessary
step for producing other emerging collective behaviors
such as collective transportation and shape formation.
Target enclosure usually starts with a large number
of scattered and loosely connected robots (agents) that
are foraging in an unknown environment. Target enclo-
sure behaviors are widely observed in nature, including
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cellular systems and social animals. Target enclosure
behaviors in cellular systems are particularly interesting
because of the limited information the cells can gain and
the limited mobility they have. This metaphor between
the cellular systems and swarm robotics makes cellular
behaviors a rich source of inspiration for designing
swarm robotics.
One important property in target enclosure is the shape
of the swarm around the targets, as this shape can
facilitate future actions on the targets, such as group
transportation, construction or destruction. Moreover, a
disk-like shape around the targets can often result in
robust enclosure. A circular swarm shape can also be an
intermediate step for further actions requiring an equal
number of robots to move in different directions. In this
work, we show how the outer layer of a robotic swarm
can govern the growth of an aggregation. Due to the lack
of global information, it is impossible for the robots to
directly evaluate the general form of the swarm around
a target. Take the diffusion limited aggregation (DLA)
model [4] as an example. In the model, randomly moving
robots irreversibly join a swarm around a target (Fig.
1). Once an individual robot touches a swarm, it stops
moving and becomes a part of swarm. As a result, a
fractal-like tree structure rooted at the target seed can
be formed. Examples of DLAs in nature include the
formation of snowake and dust, and growth of coral.
However, additional strategies are needed to control the
global shape of the swarm based on local awareness of
the individual robots.
This work addresses the problem of surrounding static
targets using minimalist robots with limited omnidirec-
tional sensing capability. Each target acts as a source of
an artificial morphogen signal that is directly detectable
only by the robots that are within the communication
range of the target. Any robot receives this signal will
pass it to its neighbors. This way, we can simulate
morphogen diffusion that allows the robots to have a
rough estimation of their distance to the target. The
desired behavior is to enclose a target or targets evenly
from all sides, which can be realized by forming a
circular shape swarm. To this end, the robots need to be
able to identify the positions on the edge of swarm where
2Fig. 1: Simulation of diffusion limited aggregation.
more robots should aggregate using a second morphogen
regulated by the target morphogen.
B. Background
In the top-down approach to swarm robotic systems,
each individual agent in the swarm is assumed to be
able to estimate the states of the other agents within
an appropriate time period before making a decision
[5]. Such an approach is impractical for this work
since it assumes that the global state of the swarm is
accessible to all individual agents for planning their
future actions. By contrast, the bottom-up approach
is based on local awareness and local interactions of
individual agents based on simple rules that are either
manually designed or automatically evolved to achieve
certain global behaviors [6]. For example, Brutschy et
al. [7] designed a self-organizing algorithm for allocating
collective complex tasks to a swarm of minimalist robots,
where each complex task is divided into a sequence
of simple subtasks. Then, the robots switch between
subtasks to maximize their performance.
I is a common way of developing algorithms for
swarm robotic systems [8] by getting inspirations from
intelligent swarm behaviors in nature, such as animal and
cellular behaviors. For instance, Jin and Meng [9] intro-
duced morphogenetic robotics as an interesting category
of methodologies for designing self-organizing multi-
robotic systems, which are inspired by genetic and cel-
lular mechanisms governing biological morphogenesis.
Along this line of research, a hierarchical gene regulatory
network (h-GRN) was proposed for multi-robot shape
formation [10]. The top layer of the h-GRN receives
positional information of neighboring robots and targets
and generate enclosing patterns around the targets, while
the bottom layer drives the robots onto the generated
patterns in a self-organized way. However, this algorithm
requires each robot to be able to access the position and
orientation information of its neighbors and obstacles
nearby. This assumption enables robots to estimate the
position of the obstacles in a global coordinate system.
With a similar approach, Peng et al. [11] presented a
modified GRN to surround multiple diffusive targets with
a predefined pattern. Unfortunately, this assumption can
hardly hold for minimalist and miniaturized robots. In
[12], a method for path planning with obstacle avoidance
was presented for micro-robotic drug delivery systems,
where it is assumed that the position of the targeted cells
is known to the micro-robots. Kubo et al. [13] defined
swarm based task allocation method to trap targets whose
global positions are not available for individual robots.
There are other examples of designing methods for
swarm robotic aggregation and shape formation. In [14],
the robots are assumed to have multiple infrared (IR)
sensors, while in [15] the robots need to use integrated
scalable map. To the best of our knowledge, little re-
search work has been reported in which neither position
nor velocity is required [16], [17].
C. Constraints and limitations in miniaturized swarm
robotic systems
It has ben becoming increasingly popular to man-
ufacture micro-robotic systems consisting of micro-
processors, micro-sensors, micro-actuators and micro-
scale data exchange devices. In the field of micro-
medical robotics, it is hoped that, in a not very far
future, thousands molecular-size robots are injected into
blood vessels, or swallowed by patients to accurately
tackle tumors, destroy cancer cells or clean arteries.
3Other applications of miniaturized robots can also be
imagined, such as removal of pollutants and toxic micro-
scale debris from water resources [18] and inspection of
small structures.
Micro-scale robotic systems are typically highly noisy
and difficult to control. Many capabilities in normal
robots, such as global positioning, long-range commu-
nication, motion feedback, sensor arrays are no longer
in micro-scale robots. For example, ultra-lightweight
autonomous systems are easily impeded by colliding
with each other or with obstacles in the environment.
Typically, the signal-to-noise ratio in such systems is
very low. Hence, a large amount of uncertainties in
measurements and motion control are expected in these
systems [19]. Due to the above reasons, enhancement of
measurements and accuracy of motion control in micro-
scales can be very costly. In addition, precise measuring
and locomotion devices consume more energy. There-
fore, limited power supply strongly restricts the number
and capacity of devices that can be mounted on micro-
robots [20], [21].
Kilobots are a good example of robots with highly
constrained and noisy sensing and motion capabilities.
The communication range of Kilobots is just a few times
of its size and heavily depends on the characteristics
of the surface they are moving on. Each robot receives
message packages composed of nine bytes broadcast two
times per second. There is no accurate control over the
motion speed of a Kilobot. Its locomotion mechanism
is very simple and composed of two vibrating motors.
The motors are off or vibrating at a certain frequency.
To calibrate, each motor is adjusted to a fixed frequency,
and consequently, the robots are not able to change their
rotation speeds. It is non-trivial either for Kilobots to
travel in a straight line. The sole feedback that they
can rely on is the measurement of the distance to their
neighbors. However, this distance is calculated based on
the strength of the received IR signals from neighboring
robots. The strength of these signals are affected by many
factors, such as the body of the neighboring robots in the
middle and surface they are moving on. The movement
of Kilobots is also affected by collisions between the
robots. They do not have any proximity sensor for
detecting collisions with other robots. Hence, Kilobots
can be seen as very typical micro-robotic systems.
II. TARGET MORPHOGEN DIFFUSION AND
REGULATION
Morphogens are chemical substances that diffuse
through biological tissues and create concentration gra-
dients. Morphogens can interact with each other as an
activator or inhibitor and generate spatial patterns. These
patterns can inform cells about their spatial location
inside the tissue and their relevant tasks or behaviors,
among others. Inspired by the morphogen mechanisms
in developmental biology, we suggest in this work a
method for forming a swarm aggregation evenly dis-
tributed around a target based on artificial morphogen
gradients. We assume that morphogen gradients emitted
by targets can be detected and interpreted by the robots
in the neighborhood of the targets. These robots can
also pass morphogen concentration information onto
their neighboring robots and this process continues until
the diffusion process stabilizes. We use the following
equation to simulate morphogen diffusion:
Ci
dt
= α
Ni∑
j
(
R
dij
)
·Cj−γ ·Ci α, γ > 00 < Ci < CMAX
(1)
where, Ci represents the morphogen concentration of
robot i, CMAX is the maximum concentration, dij indi-
cates the distance between robot i and robot j, R is the
radius of each robot for the purpose of normalization and
non-dimentionalization, N i is the number of neighbors
of robot i, α and γ symbolize the diffusion rate and de-
cay rate, respectively. Fig. 2(a) illustrates the morphogen
concentration in an aggregation with a morphogen source
in the middle. The level of the morphogen concentration
is the highest in the source location (CMAX ). Fig. 2(b)
shows the morphogen concentration of the robots in term
of their distances to the source at different time instances
starting from the beginning of diffusion. By choosing
proper values for α and γ, a gradient of morphogen
concentration can form from the source towards the
boundary of the swarm aggregation, which reaches a
steady state within a short period of time.
A. Target Tracking
In our previous work [22], we suggested a target track-
ing algorithm using morphogen diffusion for minimalist
robots without directional sensing and self-localization.
Based on the calculated morphogen concentration in the
previous positions, a robot is able to decide in which
direction and how much it should rotate in order to be
aligned with the direction of the increasing or decreasing
morphogen concentration. The direction of morphogen
gradients can be estimated using a number of previous
estimated positions in the robots coordinate system. A
robot can estimate its position in its local coordinate
system as follows:
Pt+1 = Pt + θˆtV dt, (2)
where Pt is the current position, P(t+1) is the next
position, V is the velocity of the robot, and θˆt is a
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Fig. 2: Morphogen diffusion from a source in the middle
of an aggregation. a) The intensity of red colour indicates
the level of morphogen concentration. b) Morphogen
concentration in term of distance to the source.
unit vector determining the direction of the movement,
and dt is the change of time. In this way, a robot can
approximately self-localize its position. Note, however,
that the error in estimating the position of the robot will
accumulate over time due to inaccurate movements. The
direction of the morphogen gradient can be estimated
using the following equations:
∆Ct,i =
Pt,i − Pt−1,i
||Pt,i − Pt−1,i||(CPt,i − CPt−1,i), (3)
CT,i =
t∑
T=t−NS
∆CT,i, (4)
CˆT,i =
CT,i
||CT,i|| , (5)
where Pt,i represents the position of robot i at time-
step t, CPt,i is the morphogen concentration measured at
position Pt,i, Ns is the number of the previous time-steps
taken into account to evaluate the morphogen gradient,
||.|| returns the magnitude of a vector, and CˆT,i is a
unit vector indicating the orientation of the morphogen
concentration.
At each iteration, a robot updates its current direction
using Eq. (5):
∆θt = ∆Cˆt − θˆt−1, (6)
sat(∆θt) =
{ ||∆θt|| = ∆θmax, if ||∆θt|| > ∆θmax
∆θt, otherwise
,
(7)
θˆt = θˆt−1 + sat(∆θt) (8)
In experiments, we need to take limitations of the ro-
tational speed into account, i.e., the change in direction
will be bounded if the change in direction in one step
of the simulation is greater than ∆θmax, referring to
Eq. (7). Fig. 3 shows the snapshots of the path of
approaching a target robot by a follower.
Here, we use the same mechanism for approaching a
diffusive target. Target tracking only cannot guarantee a
complete and robust enclosure of the target in all sides.
As shown in Fig. 4, tracking and reaching a target may
not lead to a reliable surrounding of the target when the
distribution of the robots around the target is extremely
uneven. However, an even surrounding of the target is
non-trivial for robots with only limited local awareness.
In the following sections, we will investigate how to
take advantage of morphogen diffusion to guide robots
to the parts of a swarm where insufficient robots are
aggregated.
B. Edge Morphogen Diffusion and Regulation
Reaction and diffusion of morphogens in cellular
organs can result in diverse and complex patterns [23],
[24]. By adding the reaction term into Eq. (1), we get:
∆Cbi
∆t
=
∑
j
wijfij(Cbi, Cbj)+Di
Nb∑
b′=1
(Cbi − Cb′i)
nidbb′
−riCbi
(9)
where wij represents the interaction matrix and fij is
the interaction function, which is usually defined by a
sigmoid function. Turing was the first who explained
reaction-diffusion of two morphogens [25], where one
morphogen serves as an activator, while the other inhibits
the expression of activator. Turing’s reaction-diffusion
model has found many successsful applications in the
field of distributed control of self-organizing systems
[26]. Inspired by his model, we defined Eq. (1), where
the morphogen from the diffusive target in the middle
of the aggregation inhibits the production of the second
morphogen in the edge of aggregation. To achieve a
circular-shape aggregation around the target, we con-
sider a morphogen, named edge morphogen, produced
5Fig. 3: Snapshot of approaching a morphogen source (denoted by the red LED bot) by a follower (blue LED bot).
(a)
(b)
Fig. 4: Tracking a target does not always end up with
fully surrounding the target.
and diffused only by the robots at the boundary of
the aggregation, which we call edge robots. We define
the diffusion-reaction equation of the edge morphogen,
which is regulated by the target morphogen:
dCiE
dt
= ϕ · sig (CMAX − CiT , k,m)− ω · sig (CiT , k,m)+
α
Ni∑
j
(
R
dij
)
·
(
CjE − CiE
CMAX
)
· CjE − γE · CiE
(10)
sig(x, k,m) =
2
pi
atan (k · (x+m)) (11)
where, CT and CE represent the concentration of target
morphogen and edge morphogen, respectively. From the
above equation, we can observe that the production rate
of the edge morphogen increases by decreasing of the
target morphogen. Fig. 5 illustrates the result of diffusion
and regulation of the edge morphogen for an irregular-
shape aggregation.
If a robot does not find another robot in its neighbour-
hood with a higher edge-morphogen, it will identify itself
as an edge target point and set a certain bit in its message
to inform the free robots (those have not yet joined the
swarm). The free robots perform target-tracking until
they join the aggregation around the targeted points.
If a robot is close to the aggregation but there is no
edge target point in its neighborhood, it starts to perform
edge-following before reaching an edge target point. A
few bits are allocated in the robots message packets for
broadcasting the robots status so that the robots can be
aware of their neighbors status. There is a dedicated bit
in the robots’ message packets to indicate if a robot is in
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Fig. 5: Edge morphogen diffusion from a target at
the middle of an aggregation indicated by red color
a) Edge morphogen concentration for an aggregation
of 100 robots. The edge robots’ colors indicate the
concentration of the edge morphogen, blue for low and
red for higher concentration b) The curve represents the
edge morphogen concentration of each robot in term of
its angular position which is defined as the angle that it
makes with the target. c) Edge morphogen concentration
of edge robots for an aggregation of 30 robots, and d)
is its associated edge morphogen concentration.
the edge-following status. We explain in the following
how it can be useful.
As collisions between the robots introduce lots of
noise into robot’s navigation, we implement a priority
queue strategy for edge-following and target-tracking
robots. To prevent collision between robots while they
perform edge-following, a free robot switches to a wait-
ing status if there is a robot in its neighborhood perform-
ing edge-following and has a higher target morphogen
concentration. A robot in waiting status does not move
to give priority to the robots that are closer to the edge
to joint the aggregation first.
In a sequential manner, a robot stops moving if it has a
robot in its neighbourhood in waiting status and closer to
the swarm. It means that the first layer of waiting robots
generate another layer of waiting robots. But this second
layer do not changing their status into waiting to avoid
having the whole swarm stop moving. In this way, there
are two layers of the robots that stop moving and allow
robots in edge following status joint the aggregation.
C. Edge Differentiation Based on Morphogen Concen-
tration
In this algorithm, the robots at the boundary of the
swarm should differentiate into edge robots to allow
the production and diffusion of the edge morphogen for
indicating where on the boundary a free robot should
join. When an edge robot is covered by another layer
of robots, it must differentiate back into a normal aggre-
gated robot. In the literature, the number of neighbors or
neighbors neighbors usually is utilized as a criterion for
edge differentiation [22], [27]. If this number falls below
a certain threshold, a robot will differentiate into an edge
robot. However, this threshold depends on the swarm
size. Moreover, for a robot swarm having a non-convex
shape, the above method may fail to work properly.
Therefore, we cannot simply rely on the number of
neighbors or neighbors neighbors for determining the
points where free robots should join as the size of the
enclosure swarm grows, or when the shape is non-convex
at some points of growth.
Using the target morphogen concentration of robots’
neighbors, we suggest an edge differentiation criterion
that is invariant to the size and convexity of the shape
of the swarm, and the location of the target inside the
swarm as well. In our method, a robot counts the number
of neighbors with a low morphogen concentration within
a certain distance. If this number is below a predefined
threshold, the robot differentiates into an edge robot.
Once the number is larger than the threshold again,
the robot is no longer an edge robot. Fig. 6 shows
7the simulation results of edge differentiation for swarms
of different sizes, shapes and target locations. We can
see from the figure that the simulated Kilobots identify
themselves as edge-robots if there are four robots within
seven centimeters with a lower target morphogen con-
centration.
III. RESULTS
A. Single target enclosure
We conducted a simulation with 100 simulated Kilo-
bots, which are scattered unevenly over a confined area
with the dimensions of 120 by 120 centimeters. Fig. 7
depicts the snapshots of the process of surrounding a
single target. The results show that the algorithm is able
to regulate the circular shape of the aggregation around
the target.
According to Fig. 5, when the shape of a robot
aggregation is very different from an ideal disc, there
is only one minimum through the edge. This is because
a big difference in the morphogen rate between the edge
robots creates a steep gradient. The closer the shape of
the swarm to an ideal circle, the more smooth the edge
morphogen through the edge layer will be. Thus, there
might be multiple points of attraction on the boundary
when the shape is round. Actually, this is useful since it
can speed up the enclosure when the swarm aggregation
is close to a circle. Fig. 8 presents the edge morphogen
concentration of the edge robots (Fig. 8(a)) and their
distances to the target (Fig. 8(b)) during an enclosure
process. As can be seen in Fig. 8, the shape adaptation
at the beginning and final stages of the enclosure is
smoother than that in the middle stage. Note that the
production and diffusion of morphogen do not happen
immediately after a free robot joins the swarm. Once a
free robot joins the robot swarm at a point of attraction,
it takes time before the edge morphogen of the attractive
robot (the edge robots on the points of attraction) exceeds
that of its neighbors. Therefore, a point of attraction
remains its status within a short period of time after a
free robot is joined. As a result, additional robots may
join the swarm on that point. Thus, fluctuations may
occur in the edge morphogen gradient if the rate of free
robots joining the robot aggregation is too high compared
to the speed of morphogen diffusion and regulation.
However, we are not allowed to increase the diffusion
rate, since the morphogen gradient will quickly become
smooth and thus lose its sensitivity to the shape of robot
aggregation.
B. Multiple Target
Fig. 9 shows the result of a multiple target enclosure,
where the targets are too far away to be surrounded by a
single swarm. The enclosure of the targets might end up
with different sizes either due to different initializations
of the free robots, or to different locations of the targets
in the field. However, when the targets are close enough
to be surrounded by a single swarm, the final shape
of the aggregation ends up with a single circular shape
(Fig. 10). The diffusion of the edge morphogen through
the boundary of all robot swarms regulates their growth.
Based on this, predefined shapes can emerge through the
initialization of the targets. Fig. 11 shows the final stages
of swarms with different initializations of the targets.
C. Experiment using Kilobots
We conducted an experiment using 50 Kilobots for en-
closure of one target. The experimental results are shown
in Fig. 12. In the first run, we uploaded the simulated
program in Kilobot without any changes. The robots
are initialized by scattering unevenly over the field. The
field itself is confined by barriers for Kilobots. However,
Kilobots easily get stuck on the boundaries, especially in
the corners due to their limited mobility. In this case, we
need to rotate the stuck robots on the boundaries to let
them move back into the field. Hence, the barriers are not
covered in the photos and footages. Fig. 12(a) shows the
snapshot of the enclosure procedure. From the figure, we
can conclude that the proposed algorithm works properly
since the robot swarm successfully surrounds the target
with a fairly evenly distributed circular shape.
For comparison, we removed the shape adaptation pro-
cedure from the enclosure algorithm and conducted the
experiment again. The results, as depicted in Fig. 12(b),
show that the final shape of aggregation is irregular and
the enclosure around the target is very irregular.
IV. CONCLUSION AND FUTURE WORKS
In this work, an algorithm for simulating morphogen
diffusion and regulation was proposed to self-organize
minimalistic robots for target surrounding. We explore
how simulated diffusion and regulation of morphogens
can be used to self-organize robots to form a evenly
distributed swarm shape. We showed that the proposed
mechanism can result in an adaptive growth of the
robot aggregation. The algorithm was successfully im-
plemented in both simulations and physical experiments.
It was demonstrated that with the proposed adaptation
mechanism is able to guide the robots to form a more
evenly distributed aggregation surrounding the targets. In
addition, we showed that the proposed algorithm is able
to automatically surround multiple targets with a single
swarm or multiple swarms, depending on whether the
targets far away or close by. We also revealed that a
8Fig. 6: Edge differentiation for robot aggregations with different sizes, shapes and target locations. The red circle
indicates the target, and yellow ones are the agents differentiated to edge.
Fig. 7: Target enclosure over time by 100 robots. Time increases from up-left to bottom-right. The robots show
yellow colour once they differentiate into an edge robot, pink color for being edge target, green while doing
edge-following, and white for direct target-tracking.
predefined shape can emerge by properly initializing the
location of the targets.
Future work can include the exploration of proposed
mechanism for forming more complex shapes in a self-
organizing way with the help of morphogen regulation
at the boundary of a robot aggregation. Furthermore,
we can also consider moving robots away from the
aggregation in adapting the swarm shape. It is expected
that with a leaving mechanism and more morphogens,
more advanced algorithms can be developed for shape
adaptation for minimalistic robotic swarm.
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